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Abstract. Prediction of streamﬂow at ungauged catchments
requires transfer of hydrologic information (e.g., model
parameters, hydrologic indices, streamﬂow values) from
gauged (donor) to ungauged (receiver) catchments. A com-
mon metric used for the selection of ideal donor catchments
is the spatial proximity between donor and receiver catch-
ments. However, it is not clear whether information trans-
fer among nearby catchments is suitable across a wide range
of climatic and geographic regions. We examine this issue
using the data from 756 catchments within the continen-
tal United States. Each catchment is considered ungauged
in turn and daily streamﬂow is simulated through distance-
based interpolation of streamﬂows from neighboring catch-
ments. Results show that distinct geographic regions exist in
US where transfer of streamﬂow values from nearby catch-
ments is useful for retrospective prediction of daily stream-
ﬂow at ungauged catchments. Speciﬁcally, the high pre-
dictability catchments (Nash-Sutcliffe efﬁciency NS>0.7)
are conﬁned to the Appalachian Mountains in eastern US, the
Rocky Mountains, and the Cascade Mountains in the Paciﬁc
Northwest. Low predictability catchments (NS<0.3) are lo-
cated mostly in the drier regions west of Mississippi river,
which demonstrates the limited utility of gauged catchments
in those regions for predicting at ungauged basins. The re-
sults suggest that high streamﬂow similarity among nearby
catchments (and therefore, good predictability at ungauged
catchments) is more likely in humid runoff-dominated re-
gions than in dry evapotranspiration-dominated regions. We
further ﬁnd that higher density and/or closer distance of
gauged catchments near an ungauged catchment does not
necessarily guarantee good predictability at an ungauged
catchment.
1 Introduction
Long-term measurements of river streamﬂow are essential
for a number of applications in water resources, such as,
planning of water supply and irrigation projects (Dunne and
Leopold, 1978; Jain and Singh, 2003), delineation of river
ﬂoodplains (Merwade et al., 2008; Tate et al., 2002), day-
to-day management of dams and canals (Hirsch and Costa,
2004), to name a few. Streamﬂow measurements are also
important for characterizing the hydrologic behavior of river
basins within modeling frameworks, so that future assess-
ments of hydrologic behavior in response to climate and/or
land-use change can be obtained. However, in many parts
of the world, developed as well as developing, rivers are
not gauged for continuous monitoring. Developing strate-
gies for prediction at ungauged basins (PUB; Sivapalan et
al., 2003) is required not only for the above practical appli-
cations, but also for advancing our process understanding of
the controls on regional variability in landscape hydrologic
response (Patil and Stieglitz, 2011; Wagener et al., 2004).
Prediction of streamﬂow at ungauged catchments involves
the following steps: (1) identify the gauged (donor) catch-
ments that are most likely to be hydrologically similar, i.e.,
have similar streamﬂow response, to the ungauged (receiver)
catchments, and (2) transfer the relevant hydrologic infor-
mation (model parameters or streamﬂow values) from the
gauged to ungauged catchments. Identiﬁcation of hydrologic
similarity in this case is especially challenging, since the
hydrologic behavior of ungauged catchments is unknown.
Studies focusing on the transfer of parameters of rainfall-
runoff models have typically used either physical proxim-
ity measures (e.g., topography, soil type, land cover) or
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spatial proximity measures (distance) as a surrogate for hy-
drologic similarity between the gauged and ungauged catch-
ments (G¨ otzinger and B´ ardossy, 2007; Merz and Bl¨ oschl,
2004; Oudin et al., 2010; Parajka et al., 2005; Seibert,
1999). While either type of surrogates have their advantages
and disadvantages, a key conceptual limitation of the spa-
tial proximity measures is that they preclude identiﬁcation
of hydrologic similarity among catchments that might be lo-
cated far from each other. Interestingly, studies that have
compared different similarity surrogates show that, in spite
of its conceptual limitations, ascribing hydrologic similarity
based on spatial proximity measures is one of the most re-
liable methods for choosing donor gauged catchments from
which rainfall-runoff model parameters can be transferred to
ungauged catchments (Merz and Bl¨ oschl, 2004; Oudin et al.,
2008; Zhang and Chiew, 2009).
Alternatively, methods that are used to predict at un-
gauged catchments without rainfall-runoff models perform
direct transfer of streamﬂow time series from nearby gauged
catchments (Archﬁeld and Vogel, 2010; Skøien and Bl¨ oschl,
2007). These methods are inherently restricted to using spa-
tial proximity based similarity measures since streamﬂow
transfer from far away catchments will cause large errors
(due to climate heterogeneity). Nonetheless, the streamﬂow
predictability patterns obtained from these methods have the
potential to inform us whether nearby catchments within a
given region are hydrologically similar or not. The drainage-
area ratio method (Hirsch, 1979; Wiche et al., 1989) is per-
haps the oldest method used for direct transfer of streamﬂow
values to ungauged catchments. In this method, a gauged
catchment that is located nearest to the ungauged catchment
of interest is identiﬁed as hydrologically similar, and area-
normalized streamﬂow values are transferred from gauged to
ungauged catchment. More recently, Smakhtin et al. (1997)
developed regionalized ﬂow duration curves for catchments
in South Africa and estimated streamﬂow at ungauged catch-
ments through the transfer of daily streamﬂow data from
nearby gauged catchments using an interpolation technique
described in Hughes and Smakhtin (1996). Archﬁeld and
Vogel (2010) developed the map-correlation method to iden-
tify the donor gauged catchment that is likely to have high
correlation to the ungauged catchment for direct transfer of
dailystreamﬂowtimeseries. SkøienandBl¨ oschl(2007)used
the concept of topological kriging, or top-kriging (Skøien et
al., 2006), on 376 catchments in Austria to predict hourly and
daily streamﬂow in ungauged catchments.
Results from either of the above approaches (rainfall-
runoff model based or model independent) highlight the im-
portance of spatial proximity as a criterion for the selection
of donor gauged catchments. While spatial proximity is a
widely used measure for predicting at ungauged catchments,
it is not clear whether transferring information among nearby
catchments is a suitable approach across a wide range of cli-
matic and geographic regions. Speciﬁcally, we do not know
if hydrologic similarity among nearby catchments can be
expected everywhere, or if there are certain types of regions
(e.g., with humid climate, or with mountainous terrain, etc.)
where hydrologic similarity is preferentially manifested.
The objective of this study is to: (1) determine if distinct
geographic regions exist where nearby catchments tend to
have similar streamﬂow patterns, so that information can be
easily transferred between gauged and ungauged catchments,
and (2) identify the physiographic and hydro-climatic condi-
tions that favor streamﬂow similarity among nearby catch-
ments within a region. We use the data from 756 gauged
catchments across the continental United States that span a
wide range of climatic, geologic and topographic conditions.
Similarity among nearby catchments is quantiﬁed through
direct transfer of daily area-normalized streamﬂow values
from neighboring gauged catchments using inverse distance
weighted (IDW) interpolation. While this method is a variant
of the drainage-area ratio method (Hirsch, 1979), it improves
upon the traditional method due to its ability to transfer in-
formation from multiple donor gauged catchments to an un-
gauged catchment. We speciﬁcally avoided rainfall-runoff
models in this study since no single model structure can per-
form satisfactorily across the wide range of catchments con-
sidered here. As such, our analysis of hydrologic similar-
ity among nearby catchments focuses solely on the observed
streamﬂow patterns and is independent of the deﬁciencies as-
sociated with any particular rainfall-runoff model structure.
High prediction efﬁciency using the interpolation method
suggests that nearby catchments in that region have similar
streamﬂow patterns to the catchment of interest. The pre-
diction efﬁciency of transferred streamﬂow values is further
compared against physiographic and hydro-climatic proper-
ties of the catchments to identify the conditions that favor
high streamﬂow similarity within a region.
2 Data
We use the streamﬂow records of catchments from US Ge-
ological Survey’s Hydro-Climate Data Network (HCDN)
(Slack et al., 1993). The HCDN database consists of data
of 1659 catchments located within the United States that
are not severely affected by human activity. The stream-
ﬂow records in HCDN span from 1874 to 1988. A major-
ity of the catchments have consistent and continuous records
from water year 1970 onwards. As such, we consider only
those catchments that have a continuous daily streamﬂow
record from water year 1970 to 1988 (i.e., 1 October 1969
to 30 September 1988), which reduces the number of accept-
able catchments to 756 (see Fig. 1). The drainage area of the
catchments ranges from 23km2 to 5000km2, and the median
drainage area is 715km2.
Monthly time-series of precipitation and potential evap-
otranspiration in each of the 756 catchments are obtained
from the climate dataset developed by Vogel and Sankara-
subramanian (2005). Estimates of monthly precipitation in
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Fig. 1. Location of all the 756 catchments (black triangles) within the continental US.
this dataset are obtained from the PRISM (Daly et al., 1994)
climate analysis system as described in Vogel et al. (1999),
whereas the monthly potential evapotranspiration estimates
are obtained using the formula suggested by Hargreaves
and Samani (1982). From the streamﬂow and precipita-
tion data, we derive ﬁve hydrologic indices (or signatures)
for each of the 756 catchments. These hydrologic signa-
tures are: baseﬂow index, runoff ratio, baseﬂow runoff ratio
(baseﬂow/rainfall), slope of ﬂow duration curve, and inter-
annual streamﬂow elasticity. We also use the data of three
physiographic attributes from Vogel and Sankarasubrama-
nian (2005) dataset, viz., channel slope, soil permeability,
and soil water holding capacity. Details of the methods
used for deriving these hydrologic signatures are provided
in Appendix A.
As illustrated in Fig. 1, the number of stream gauges is
higher in the eastern half of the country than in the western
half. Since the streamﬂow predictions obtained in this study
are based on the proximity of gauged and ungauged catch-
ments, it is not entirely clear whether this variable gauge den-
sity induces bias in our analysis. Therefore, in Sect. 4.3, we
evaluate whether gauge density has any appreciable effect on
streamﬂow predictions at ungauged catchments.
3 Methods
In this section, we ﬁrst outline the distance based interpola-
tion method used for simulating daily streamﬂow. We then
describe the goodness-of-ﬁt measure used for assessing the
prediction efﬁciency, followed by a brief explanation of the
metric used for assessing the relationships between predic-
tion efﬁciency and catchment properties.
The inverse distance weighted (IDW) interpolation is one
of the simplest methods to determine whether streamﬂow
values among spatially proximate catchments are similar.
Nonetheless, as will be shown in results, this method is
highly effective in characterizing the streamﬂow similarity
patterns over the scale of continental US. Comparison of
different interpolation methods is beyond the scope of this
study (but see the discussion in Sect. 5). The IDW stream-
ﬂow interpolation method is a variant of the drainage-area
ratio method (Hirsch, 1979; Wiche et al., 1989). In the tradi-
tional drainage-area ratio method, area normalized stream-
ﬂow values are directly transferred to an ungauged catch-
ment from a single donor catchment that is in the closest
geographic proximity. The IDW interpolation method used
here modiﬁes the drainage-area ratio method, speciﬁcally by
allowing for direct streamﬂow transfer from multiple donor
gauged catchments. As we will show later in the results
(Sect. 4), expanding the drainage-area ratio method to con-
sider multiple donor catchments signiﬁcantly improves the
prediction performance at ungauged catchments. The math-
ematical expression of the IDW interpolation scheme is as
follows:
q(x) =
N X
k=1
wk(x)
N P
k=1
wk(x)
· q(xk) (1)
and,
wk(x) =
1
d(x, xk)p (2)
where, q(x) is the area-normalized streamﬂow value (unit:
mmday−1) at the ungauged catchment that is located at
point x in the region, q(xk) is the area-normalized stream-
ﬂow value at neighboring donor catchment k located at point
xk in the region, and N is the total number of neighbor-
ing donor catchments considered for the interpolation. Dis-
tance between the gauged and ungauged catchment d is cal-
culated individually for each of the N neighboring catch-
ments. d is the distance between stream gauges of the catch-
ments. The interpolation weights w are calculated for all the
donor catchments using Eq. (2). The exponent p in Eq. (2)
is a positive real number, called as power parameter. The
above streamﬂow transfer method does not account for pre-
cipitation lags or differences in the timing of ﬂoods that
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Fig. 2. (a) Relationship between number of donor catchments and median NS values, (b) relationship between number of donor catchments
and median, 75th percentile, and 25th percentile NS values, and (c) distribution of NS values of simulated streamﬂows for the conﬁguration
of ﬁve donor catchments.
may occasionally occur among nearby catchments. How-
ever, studies that have explicitly considered for precipita-
tion and ﬂood timing lags show that streamﬂow transfer is
usually sensitive to lags at the hourly timescale, but not at
the daily timescale (Andr´ eassian et al., 2012; Skøien and
Bl¨ oschl, 2007). Since our study focuses on streamﬂow trans-
fer at the daily timescale, this simpliﬁcation is not likely to
affect our prediction results.
Each of the 756 catchments is considered ungauged in turn
(jack-knife procedure), and daily streamﬂows are simulated
using Eqs. (1) and (2). We use power parameter p=2 (i.e.,
the inverse square distance weighted method) and vary the
number of neighboring donor catchments N from 1 to 50. As
a special case, when N =1, the IDW interpolation method is
equivalent to the traditional drainage-area ratio method.
Goodness of ﬁt for predicted hydrograph is measured us-
ing the Nash-Sutcliffe efﬁciency criterion (NS), which is de-
ﬁned as follows (Nash and Sutcliffe, 1970):
NS = 1 −
n P
i=1
 
Qobs,i − Qpred,i
2
n P
i=1
 
Qobs,i − Qobs
2
(3)
where, Qpred,i and Qobs,i are the predicted and the observed
area-normalized streamﬂow values (unit: mmday−1) on the
i-th day respectively, Qobs is the mean of all the observed
streamﬂowvalues(unit: mmday−1)andnisthetotalnumber
of days in the record. The NS efﬁciency criterion is an exten-
sivelyusedmetricinthehydrologyliteraturetodeterminethe
simulation efﬁciency of daily hydrographs. We further ana-
lyzetherelationshipofpredictionefﬁciency(NSvalues)with
numerous physical and hydrological properties of a catch-
ment. These relationships are analyzed to identify the factors
that favor streamﬂow similarity among nearby catchments.
To this end, we use the Spearman’s rank correlation (Spear-
man, 1904), which quantiﬁes the increasing/decreasing trend
in a relationship. The formula for Spearman’s correlation (ρ)
is as follows:
ρ = 1 −
6 ·
P
d2
M ·
 
M2 − 1
 (4)
where, d is the difference between the ranks of each obser-
vation on the two variables under consideration, and M is
the total number of observation points (M =756 in our case).
Spearman’s ρ varies from −1 to +1, with −1 being a perfect
monotonically decreasing relationship and +1 being perfect
monotonically increasing.
4 Results
4.1 Choosing the optimal number of donor gauged
catchments
To ﬁnd the optimal number of donor catchments required
for a good streamﬂow estimate we vary the number of near-
est donor catchments from 1 to 50 and calculate the associ-
ated NS. This approach for choosing the optimal number of
donors has been used previously (Oudin et al., 2008; Zhang
and Chiew, 2009). Figure 2a shows the relationship between
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Fig. 3. (a) Group 1 catchments with NS>0.7 (red triangle),
(b) Group 2 catchments with 0.3<NS<0.7 (blue triangle), and
(c) Group 3 catchments with NS<0.3 (brown triangle).
the number of donor gauged catchments used for simulating
daily streamﬂow and the median NS from each simulation
run for all the 756 catchments. The median NS increases
sharply from 0.49 to 0.61 as the number of donor catchments
increase from 1 to 4, followed by small increases in median
NS for subsequent increases in the number of donor catch-
ments. The median NS reaches its highest value of 0.615 at
15 donor catchments. Beyond 15 donor catchments there is
decline in simulation efﬁciency that can be attributed to the
relative reduction in inﬂuence of the nearby catchments. For
subsequent analysis, we limit the number of donors to ﬁve
nearest gauged catchments and perform the distance based
interpolation to simulate daily streamﬂows. For simulations
with ﬁve donor catchments, the maximum NS is 0.97, the
median value is 0.61, and the 25th percentile value is 0.29.
Figure2bshowsthe25thand75thpercentileNSvaluesalong
with median NS against the number of donor catchments.
Similar to the median, other percentile values also show that
increasing the number of donors far beyond 4 or 5 does
not cause an increase in prediction performance. Figure 2c
shows the distribution of NS values of simulated streamﬂows
using ﬁve donor catchments.
0 0.2 0.4 0.6 0.8 1
0
50
100
150
200
250
300
NS
A
v
g
.
 
d
i
s
t
a
n
c
e
 
f
r
o
m
 
d
o
n
o
r
 
c
a
t
c
h
m
e
n
t
s
 
(
k
m
)
a)
0 0.2 0.4 0.6 0.8 1
0
50
100
150
200
250
300
NS
D
i
s
t
a
n
c
e
 
f
r
o
m
 
n
e
a
r
e
s
t
 
d
o
n
o
r
 
c
a
t
c
h
m
e
n
t
 
(
k
m
)
b)
Fig. 4. Relationship of Nash Sutcliffe efﬁciency (NS) with (a) aver-
age distance from donor catchments, and (b) distance from nearest
donor catchment.
4.2 Geographic patterns of daily streamﬂow prediction
Distinct geographic patterns are observed in the NS values of
catchment streamﬂows using the IDW interpolation method
(Fig. 3). For better identiﬁcation of these geographic pat-
terns, we partition the catchments into three groups: Group 1
for NS greater than 0.7, Group 2 for NS between 0.3 and 0.7,
and Group 3 for NS less than 0.3. Figure 3a shows the lo-
cation of all the Group 1 catchments, 288 in total (∼40%),
which have the highest predictability of daily streamﬂow.
The majority of Group 1 catchments are located in three ge-
ographic regions: (1) the Appalachian mountain ranges in
the eastern US, (2) the Rocky Mountains, and (3) the Paciﬁc
Northwest region to the west of Cascade Mountain range.
The remaining Group 1 catchments are located across the
eastern half of continental US, especially in the states of In-
diana and Illinois (Fig. 3a). The Group 2 catchments – a total
of 277 catchments (∼35%); Fig. 3b – are located across the
eastern part of the United States. The poorest performers,
Group 3 catchments are predominantly located in the west-
ern half of continental US, especially to the west of Missis-
sippi river (Fig. 3c). There are 191 catchments (∼25%) that
belong in Group 3 and these are considered as practically
unpredictable using our spatial proximity based prediction
method.
4.3 Impact of catchment proximity and gauge density
on prediction at ungauged catchments
Figure 4a shows the relationship of prediction efﬁciency
(NS) with the average distance of donor catchments from
the ungauged catchment, while Fig. 4b shows its relationship
with the distance of nearest donor catchment. As expected,
the observed trend is that high NS catchments have donor
catchments in closer proximity, i.e., smaller distances. The
Spearman rank correlation (ρ) for the relationships of NS
with the average and minimum distance is −0.44 and −0.41
respectively (p-value<0.01 in both cases). However, at
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Fig. 5. Relationship of Nash Sutcliffe efﬁciency (NS) with gauge
density around an ungauged catchment.
any given NS value, there is a surprisingly wide scatter of
distances between donor and receiver catchments (Fig. 4a
andb). Thissuggeststhatthedonor-receivercatchmentprox-
imity alone cannot fully explain the prediction performance
at a given location. Among catchments with NS>0, the R2
value of relationship between NS and average donor distance
is 0.12, i.e., the average distance from donor catchments ex-
plains only 12% of the spatial variability in NS.
Gauge density is another important factor that inﬂuences
the transfer of information to ungauged catchments. If more
gauged catchments are present in the vicinity of an un-
gauged catchment, we can intuitively expect that catchment
to have better predictability. Therefore, we test quantitatively
whether disparity in gauge density across different regions
of the US inﬂuences predictability at an ungauged catch-
ment. Gauge density around a catchment is deﬁned as the
number of gauged catchments within the 200km radius of
its location. We tested the gauge density metric by varying
the search radius from 100km to 500km and found that the
relationship between NS and gauge density is not affected
by the choice of the search radius (result not shown). Fig-
ure 5 shows the relationship between NS and gauge density
near the ungauged catchment. Contrary to our a priori ex-
pectation, high gauge density around an ungauged catchment
does not guarantee good predictability. Moreover, there are
numerous catchments that have low gauge density in their
vicinity and still have high NS values. No signiﬁcant trend is
observed in the relationship between NS and gauge density.
Among catchments with NS>0, the R2 value of relation-
ship between NS and gauge density is 0.06, i.e., the density
of gauged catchments surrounding within a region explains
only 6% of the spatial variability in NS.
4.4 Impact of climate on prediction at ungauged
catchments
We analyze the high and low predictability catchments us-
ing the Budyko curve (Budyko, 1974). A Budyko curve
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Fig. 6. Budyko diagram showing the high predictability (NS>0.7)
and low predictability (NS<0.3) catchments.
characterizes the relationship between aridity index (PET/P)
and evaporation index (ET/P) of the catchments. Figure 6
shows the Group 1 catchments (NS>0.7, blue squares)
and Group 3 catchments (NS<0.3, red squares) on the
Budyko curve. Majority of the high predictability catch-
ments (Group 1) have low values of evaporation and aridity
indices and are located in the lower portion of the curve. This
suggests that the water balance in these high predictability
catchments is controlled by energy limitation, i.e., more wa-
ter is present than can be evaporated. On the other hand, low
predictability catchments (Group 3) have higher values of
evaporation and aridity indices and are located in the higher
portion of the curve. About 48% of the Group 3 catchments
have aridity index>1, suggesting that their water balance
is controlled by water limitation, i.e., less water is present
than can be evaporated. Thus, the Budyko curve shows that
the predictability is higher in regions where the ET of catch-
ments is demand limited (i.e., humid) and low where the ET
is supply limited (i.e., arid).
4.5 Physical conditions favoring good prediction at
ungauged catchments
Toidentifythephysicalconditionsthatfavorhighstreamﬂow
similarity (and therefore good predictability), we explore the
relationships between NS and catchment attributes. Eight
catchment properties are considered: three physiographic
properties (channel slope, soil permeability, and soil water
holding capacity) that are obtained for each catchment from
the Vogel and Sankarasubramanian (2005) dataset; and ﬁve
hydrologic signatures (baseﬂow index, runoff ratio, baseﬂow
runoff ratio, slope of ﬂow duration curve, and inter-annual
streamﬂow elasticity) that are derived from the streamﬂow
and precipitation data (see Appendix A for details).
Figure 7 shows the relationship between prediction efﬁ-
ciency (NS) and each of the three physiographic properties.
While none of these properties have a distinct relationship
with NS, a majority of the catchments with higher channel
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Fig. 7. Relationship between Nash Sutcliffe efﬁciency (NS) and (a) channel slope, (b) soil permeability, and (c) soil water holding capacity
(SWHC).
slope (>1%) have high NS value (Fig. 7a). This trend is
consistent with the observation that a majority of high NS
catchments are located along the three large mountain ranges
of the US (Fig. 3a). However, high NS values are not ex-
clusive to catchments with high channel slope. Of the three
physiographic properties, only channel slope shows a statis-
tically signiﬁcant trend in its relationship with NS (Spearman
ρ =0.21; see Table 1). No distinct trend is observed in soil
permeability except that the preference of higher permeabil-
ity catchments is towards high NS values (Fig. 7b). No trend
whatsoever is observed in the relationship between NS and
soil water holding capacity (Fig. 7c).
Figure 8 shows each of the ﬁve hydrologic signatures plot-
ted against NS. High scatter is observed in all the ﬁve re-
lationships, similar to the observations of physiographic at-
tributes (Fig. 7). Nonetheless an increasing trend with re-
spect to NS is observed in the relationships of runoff ra-
tio (Spearman ρ =0.51), baseﬂow runoff ratio (Spearman
ρ =0.46), and slope of FDC (Spearman ρ =0.31) (Fig. 8a, c,
and d respectively). Although many high NS catchments are
clustered towards high values of baseﬂow index (Fig. 8b),
it does not have a signiﬁcant trend in its relationship with
NS. No particular trend (increasing or decreasing) is ob-
served in the relationship between NS and streamﬂow elas-
ticity (Fig. 8e).
5 Discussion
Distinct geographic regions exist where identifying similar-
ity and transferring streamﬂow based on the spatial prox-
imity measure results in good prediction at an ungauged
catchment. High streamﬂow predictability is obtained in
Table 1. Correlation of catchment properties with Nash-Sutcliffe
(NS) efﬁciency of simulation. Bold values indicate statistically sig-
niﬁcant value (p<0.01).
Type Property Spearman rank p-value
correlation (ρ)
Physiographic Channel slope 0.21 0.00
Soil permeability 0.08 0.03
SWHC 0.04 0.26
Hydrologic Runoff ratio 0.51 0.00
Baseﬂow index 0.03 0.46
Baseﬂow runoff ratio 0.46 0.00
Slope of FDC 0.31 0.00
Streamﬂow elasticity 0.01 0.83
humid mountainous regions, whereas the low predictabil-
ity catchments are predominantly located in the drier re-
gions (Fig. 3). To our knowledge, the geographic patterns of
streamﬂow similarity (and predictability at ungauged catch-
ments) shown here have not been shown before within the
continental US, speciﬁcally at a daily time-scale and by
using an information transfer method. The Budyko curve
(Fig. 6) illustrates the preference of high predictability catch-
ments towards humid regions. Our previous work (Patil and
Stieglitz, 2011) characterized streamﬂow similarity among
nearby catchments across multiple ﬂow conditions. Patil and
Stieglitz (2011) suggested that the competing inﬂuences of
precipitation input and evaporative demand determine the
conditions at which regional streamﬂow similarity is man-
ifested. Consistent with their suggestion, the results pre-
sented here show that streamﬂow similarity among nearby
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Fig. 8. Relationship between Nash Sutcliffe efﬁciency (NS) and (a) runoff ratio, (b) baseﬂow index, (c) baseﬂow runoff ratio, (d) slope of
FDC, and (e) streamﬂow elasticity.
catchments is more likely to occur in regions where annual
precipitation exceeds evaporative demand (i.e., low energy
environments). The preference for humid environment is fur-
ther evident from the tendency of high predictability catch-
ments to be located in regions of high forest density. Figure 9
shows all the 756 catchments mapped with the forest cover
within the US. The forest cover map is obtained from the
USGS Global Land Cover Characteristics (GLCC) project
(Loveland et al., 1991). With the exception of catchments in
the mid-West, almost all the high predictability catchments
(Group 1) are located in regions with high amount of forest
cover.
While humid climate is certainly favorable for similarity
among nearby catchments, climate alone does not appear
to be sufﬁcient for identifying regions of high streamﬂow
similarity. The clustering of Group 1 catchments along the
mountain ranges suggests that topography is also an impor-
tant factor in determining streamﬂow similarity (and pre-
dictability). For instance, the catchments in southeastern
states of Louisiana, Mississippi, Alabama and Florida have
humid climate, but a ﬂatter terrain (and most are Group 2
catchments). Due to the strong connection of predictability
with geographic features, we had an a priori expectation that
the catchments with high (or low) predictability will have
distinct physiographic and hydrologic signatures associated
with them. However, the relationship of NS with individ-
ual catchment properties is weak. This suggests that the
strong differences in climate within the continental US might
be, to some extent, obscuring the physiographic differences
among catchments. It is not clear though whether the physi-
cal catchment properties can better explain the predictability
patterns at smaller regional scales where the climate is more
homogeneous. Of the eight catchment properties considered,
statistically signiﬁcant positive trends with respect to NS are
observed in only four properties: channel slope, runoff ratio,
baseﬂow runoff ratio, and the slope of FDC (see Table 1).
These weak relationships are also indicative of the difﬁcul-
ties faced by hydrologists in achieving a universally accept-
able hydrologic classiﬁcation of catchments (McDonnell et
al., 2007; Wagener et al., 2007).
The IDW streamﬂow interpolation method, although
mathematically simpler, is conceptually similar to other
streamﬂow transfer methods (Andr´ eassian et al., 2012; Arch-
ﬁeld and Vogel, 2010; Skøien and Bl¨ oschl, 2007). These
methods typically involve choosing N nearest neighbors and
assigning an appropriate weighting scheme to transfer area-
normalized streamﬂow to the ungauged catchment. Due to
the large scale of continental US considered in this study,
and also due to the low streamgage density (compared to Eu-
ropean studies such as Young, 2006; Skøien and Bl¨ oschl,
2007; Oudin et al., 2008; Andr´ eassian et al., 2012), we do
not think that our simple method is at a disadvantage for
identifying the large scale predictability patterns (as seen in
Fig. 3). A more sophisticated streamﬂow transfer method
is likely to provide better results at smaller regional scales
where higher streamgage density is available. Nonetheless,
in regions with low streamgage density, even a mathemat-
ically sophisticated method is unlikely to provide good pre-
dictions at ungauged catchments. Unfortunately, since all the
above mentioned methods use spatial proximity based simi-
larity measures, they cannot identify a gauged catchment that
is potentially similar to the ungauged catchment but is lo-
cated far from it. Physical proximity measures (e.g., topog-
raphy, soil type, land cover) are conceptually more appealing
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Fig. 9. All the 756 catchments mapped along with the forest cover within the United States: Group 1 (NS>0.7; red), Group 2
(0.7>NS>0.3; blue), Group 3 (0.3>NS; brown).
since they can identify similarity among catchments that are
far from each other. However, recent studies have shown that
physical proximity measures do not necessarily provide bet-
ter prediction at ungauged catchments than spatial proximity
measures (Oudin et al., 2008; Zhang and Chiew, 2009).
Even though the predictions at ungauged catchments in
this study are obtained through distance-based interpolation,
results show that the distance between donor and receiver
catchments cannot fully explain the prediction patterns. It
could have been argued that the high NS catchments are
preferentially located in humid regions because of the higher
gauge density in those regions. However, no clear relation-
ship is found between NS and gauge density either (Fig. 5).
This suggests that factors other than spatial proximity among
catchments and gauge density play an important role in re-
gional similarity of streamﬂows. The higher predictability
in humid environments is likely to be due to similarity in
climatic inputs over larger spatial scales. However, low pre-
dictability at an ungauged catchment can be due to either one
of the three primary causes: (1) the ungauged catchment is
too far from the donor catchments, or (2) the spatial vari-
ability in climatic inputs is high in the region surrounding
the ungauged catchment, or (3) the hydrologic behavior of
the ungauged catchment is idiosyncratic (and therefore, non-
representative of the region surrounding it) either due to con-
tributions from deep groundwater sources, loss of water to
regional aquifers, or other complex geologic factors.
6 Summary and conclusion
This study examined whether identiﬁcation of hydrologic
similarity based on spatial proximity measures is suitable for
prediction at ungauged catchments across multiple environ-
ments. Distinct geographic patterns of daily streamﬂow pre-
dictability at ungauged catchments were observed within the
continental US. Speciﬁcally, high predictability catchments
are located along the Appalachian Mountains in eastern US,
the Rocky Mountains, and the Cascade Mountains in the Pa-
ciﬁc Northwest, whereas the low predictability catchments
are located in the drier regions west of Mississippi river.
Identiﬁcation of these patterns provides essential informa-
tion regarding the usefulness of gauged catchments within a
region for predicting streamﬂow at a nearby ungauged catch-
ment. While the direct transfer of streamﬂows is useful for
retrospective prediction, future forecasts of streamﬂows will
still require implementation of rainfall-runoff models. Al-
though this study did not test the transferability of rainfall-
runoff model parameters to ungauged catchments, we did
identify regions where nearby catchments tend to have simi-
lar streamﬂow patterns. Our speculation is that high stream-
ﬂow similarity within a region certainly increases the likeli-
hood of model parameters being similar at a regional scale.
Therefore, we think that a map showing regions of high
and low streamﬂow similarity (like Fig. 3) could be a good
starting point when considering model parameter transfer to
ungauged catchments. However, the model regionalization
studies will need to additionally consider whether their cho-
sen rainfall-runoff model structure is suitable for character-
izing the hydrologic response within their region of interest.
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Comparison of catchments using the Budyko curve sug-
gests that climate has a dominant control over the regional
extent of similarity in hydrologic response. Nonetheless,
among the humid regions, high predictability catchments are
still preferentially clustered among the mountainous environ-
ments. This suggests that the topography of the region also
has the ability to inﬂuence similarity in catchment stream-
ﬂows. However, analysis of individual catchment attributes
provides, at best, a weak picture of the physiographic and
hydro-climatic conditions that favor high streamﬂow simi-
larity (and predictability at ungauged catchments). More im-
portantly, our results show that the spatial proximity between
gauged and ungauged catchments alone cannot fully explain
the prediction performance at a given location. This sug-
gests that a combined inﬂuence of spatial proximity, regional
climate variability and geologic settings contributes towards
meaningful information transfer between the gauged and un-
gauged catchments.
Appendix A
Deriving the hydrologic signatures of a catchment
Five hydrologic indices (or signatures) are derived individu-
ally for each of the 756 catchments. These hydrologic sig-
natures are: baseﬂow index, runoff ratio, baseﬂow runoff ra-
tio, slope of ﬂow duration curve, and inter-annual stream-
ﬂow elasticity. Sawicz et al. (2011) used four of the above
signatures (baseﬂow index, runoff ratio, slope of ﬂow du-
ration curve, and inter-annual streamﬂow elasticity) in their
catchment classiﬁcation study and showed that each individ-
ual hydrologic signature explains a different aspect of the hy-
drologic response of a catchment.
The baseﬂow index (BFI) is deﬁned as the ratio of base-
ﬂow to total streamﬂow of a catchment. We use the one pa-
rameter single-pass digital ﬁlter method (Arnold and Allen,
1999; Eckhardt, 2008) to calculate the BFI. The baseﬂow
ﬁlter is applied on daily streamﬂow time-series through the
following equation:
Bk = α · Bk−1 +
1 − α
2
· (Qk + Qk−1) (A1)
where, B is the baseﬂow and Q is the total streamﬂow. The
values of ﬁlter parameter α =0.925. Equation (4) is applica-
ble provided that B ≤Qk (or else Bk =Qk). After applying
the above ﬁlter, the baseﬂow index is calculated as:
BFI =
N X
k=1
Bk
Qk
. (A2)
A high value of BFI suggests that the inﬂuence of subsurface
ﬂow on the overall ﬂow output from a catchment is higher.
On the other hand, a low BFI value suggests that the catch-
ment is fast responding.
The runoff ratio (RR) is deﬁned as the ratio of average an-
nual streamﬂow (Q) to average annual precipitation (P). We
consider the annual average values of Q and P over the en-
tireperiodofWY1970–1988tocalculatetheRRvalues. The
runoff ratio is a metric for partitioning the incoming precipi-
tationinputintothefractionthatexitsthecatchmentasrunoff
and the fraction that exits the catchment as evapotranspira-
tion (Sankarasubramanian et al., 2001; Yadav et al., 2007).
Catchments with high RR value are considered to be stream-
ﬂow dominated, while those with low RR values are evapo-
transpiration dominated.
The baseﬂow runoff ratio is the ratio of average annual
baseﬂow and precipitation. It is a similar metric to runoff ra-
tio, but gives a direct estimate of the proportion of incoming
rainfall that reaches the catchment outlet through slower sub-
surface paths. The baseﬂow runoff ratio is calculated as the
product of baseﬂow index and runoff ratio of a catchment.
The ﬂow duration curve (FDC) of a catchment is a graph-
ical illustration of the amount of time (expressed as a per-
centage) a speciﬁc streamﬂow value is equaled or exceeded
in a catchment within a speciﬁed period of hydrologic record
(Searcy, 1959; Smakhtin, 2001). The slope of ﬂow duration
curve (SFDC) is deﬁned as the slope of the middle section of
the FDC (between 33rd and 66th percentile ﬂows) when the
curve can be considered as approximately linear (Sawicz et
al., 2011; Yadav et al., 2007). SFDC is calculated using the
following formula:
SFDC =
ln(Q66) − ln(Q33)
0.66 − 0.33
. (A3)
A high value of SFDC indicates that the catchment is subject
to high ﬂow variability, while a low SFDC values is typical of
catchments with damped response behavior and stable ﬂows.
The inter-annual streamﬂow elasticity (EQP) is deﬁned as
the ratio of percentage change in annual streamﬂow and the
percentage change in annual precipitation. EQP is an indi-
cator of the sensitivity of streamﬂow to relative changes in
precipitation inputs (Sankarasubramanian et al., 2001; Saw-
icz et al., 2011). We calculate the EQP using the following
formula:
EQP = median

dQ
dP
·
P
Q

. (A4)
An EQP value of 1 suggests that the relationship be-
tween precipitation change and streamﬂow change is linear.
EQP >1 indicates that the catchment is elastic (or more sen-
sitive) to precipitation change, while EQP <1 indicates that
the catchment is inelastic.
Acknowledgements. This research was supported by the following
NSF grants: 0436118 and 0922100. The authors would like to
thank Alex Abdelnour, Yiwei Cheng, Andrea Butturini (editor) and
the three anonymous reviewers for providing insightful comments
that have greatly improved this manuscript.
Edited by: A. Butturini
Hydrol. Earth Syst. Sci., 16, 551–562, 2012 www.hydrol-earth-syst-sci.net/16/551/2012/S. Patil and M. Stieglitz: Controls on hydrologic similarity: role of nearby gauged catchments 561
References
Andr´ eassian, V., Lerat, J., Le Moine, N., and Perrin, C.: Neighbors:
Nature’s own hydrological models, J. Hydrol., 414–415, 49–58,
doi:10.1016/j.jhydrol.2011.10.007, 2012.
Archﬁeld, S. A. and Vogel, R. M.: Map correlation method:
Selection of a reference streamgage to estimate daily stream-
ﬂow at ungaged catchments, Water Resour. Res., 46, W10513,
doi:10.1029/2009wr008481, 2010.
Arnold, J. G. and Allen, P. M.: Automated Methods for Esti-
mating Baseﬂow and Ground Water Recharge from Stream-
ﬂow Records, J. American Water Resour. Assoc., 35, 411–424,
doi:10.1111/j.1752-1688.1999.tb03599.x, 1999.
Budyko, M. I.: Climate and life, Academic Press, 1974.
Daly, C., Neilson, R. P., and Phillips, D. L.: A Statistical-
Topographic Model for Mapping Climatological Precipitation
over Mountainous Terrain, J. Appl. Meteorol., 33, 140–158,
doi:10.1175/1520-0450(1994)033¡0140:ASTMFM¿2.0.CO;2,
1994.
Dunne, T. and Leopold, L. B.: Water in environmental planning,
WH Freeman&Co., 1978.
Eckhardt, K.: A comparison of baseﬂow indices, which were cal-
culated with seven different baseﬂow separation methods, J. Hy-
drol., 352, 168–173, doi:10.1016/j.jhydrol.2008.01.005, 2008.
G¨ otzinger, J. and B´ ardossy, A.:, Comparison of four regionalisation
methods for a distributed hydrological model, J. Hydrol., 333,
374–384, doi:10.1016/j.jhydrol.2006.09.008, 2007.
Hargreaves, G. H. and Samani, Z. A.: Estimating potential evapo-
transpiration, J. Irrig. Drain. Div., 108, 225–230, 1982.
Hirsch, R. M.: An evaluation of some record reconstruc-
tion techniques, Water Resour. Res., 15, 1781–1790,
doi:10.1029/WR015i006p01781, 1979.
Hirsch, R. M. and Costa, J. E.: U.S. stream ﬂow measure-
ment and data dissemination improve, Eos Trans. AGU, 85,
doi:10.1029/2004eo200002, 2004.
Hughes, D. A. and Smakhtin, V.: Daily ﬂow time series
patching or extension: a spatial interpolation approach based
on ﬂow duration curves, Hydrolog. Sci. J., 41, 851–871,
doi:10.1080/02626669609491555, 1996.
Jain, S. K. and Singh, V. P.: Water resources systems planning and
management, Elsevier Science, 2003.
Loveland, T. R., Merchant, J. W., Ohlen, D. O., and Brow, J. F.:
Developmentofaland-covercharacteristicsdatabaseforthecon-
terminous US, Photogramm. Eng. Remote Sens., 57, 1453–1463,
1991.
McDonnell, J. J., Sivapalan, M., Vach´ e, K., Dunn, S., Grant, G.,
Haggerty, R., Hinz, C., Hooper, R., Kirchner, J., Roderick, M.
L., Selker, J., and Weiler, M.: Moving beyond heterogeneity
and process complexity: A new vision for watershed hydrology,
Water Resour. Res., 43, W07301, doi:10.1029/2006wr005467,
2007.
Merwade, V., Olivera, F., Arabi, M., and Edleman, S.: Uncertainty
in Flood Inundation Mapping: Current Issues and Future Direc-
tions, J. Hydrol. Eng., 13, 608–620, doi:10.1061/(ASCE)1084-
0699(2008)13:7(608), 2008.
Merz, R. and Bl¨ oschl, G.: Regionalisation of catch-
ment model parameters, J. Hydrol., 287, 95–123,
doi:10.1016/j.jhydrol.2003.09.028, 2004.
Nash, J. E. and Sutcliffe, J. V.: River ﬂow forecasting through con-
ceptual models part I – A discussion of principles, J. Hydrol., 10,
282–290, doi:10.1016/0022-1694(70)90255-6, 1970.
Oudin, L., Andr´ eassian, V., Perrin, C., Michel, C., and Le Moine,
N.: Spatial proximity, physical similarity, regression and un-
gaged catchments: A comparison of regionalization approaches
based on 913 French catchments, Water Resour. Res., 44,
W03413, doi:10.1029/2007wr006240, 2008.
Oudin, L., Kay, A., Andr´ eassian, V., and Perrin, C.: Are seemingly
physically similar catchments truly hydrologically similar?, Wa-
ter Resour. Res., 46, W11558, doi:10.1029/2009wr008887,
2010.
Parajka, J., Merz, R., and Bl¨ oschl, G.: A comparison of regional-
isation methods for catchment model parameters, Hydrol. Earth
Syst. Sci., 9, 157–171, doi:10.5194/hess-9-157-2005, 2005.
Patil, S. and Stieglitz, M.: Hydrologic similarity among catchments
under variable ﬂow conditions, Hydrol. Earth Syst. Sci., 15, 989–
997, doi:10.5194/hess-15-989-2011, 2011.
Sankarasubramanian, A., Vogel, R. M., and Limbrunner, J. F.: Cli-
mate elasticity of streamﬂow in the United States, Water Resour.
Res., 37, 1771–1781, doi:10.1029/2000wr900330, 2001.
Sawicz, K., Wagener, T., Sivapalan, M., Troch, P. A., and Carrillo,
G.: Catchment classiﬁcation: empirical analysis of hydrologic
similarity based on catchment function in the eastern USA, Hy-
drol.EarthSyst.Sci., 15, 2895–2911, doi:10.5194/hess-15-2895-
2011, 2011.
Searcy, J. K.: Flow-duration curves: Water Supply Paper 1542-A,
U.S. Geological Survey, Reston, VA, 1959.
Seibert, J.: Regionalisation of parameters for a conceptual
rainfall-runoff model, Agr. Forest Meteorol., 98–99, 279–293,
doi:10.1016/s0168-1923(99)00105-7, 1999.
Sivapalan, M., Takeuchi, K., Franks, S. W., Gupta, V. K., Karam-
biri, H., Lakshmi, V., Liang, X., McDonnell, J. J., Mendiondo, E.
M., O’Connell, P. E., Oki, T., Pomeroy, J. W., Schertzer, D., Uh-
lenbrook, S., and Zehe, E.: IAHS Decade on Predictions in Un-
gauged Basins (PUB), 2003–2012: Shaping an exciting future
for the hydrological sciences, Hydrolog. Sci. J., 48, 857–880,
doi:10.1623/hysj.48.6.857.51421, 2003.
Skøien, J. O. and Bl¨ oschl, G.: Spatiotemporal topological krig-
ing of runoff time series, Water Resour. Res., 43, W09419,
doi:10.1029/2006wr005760, 2007.
Skøien, J. O., Merz, R., and Bl¨ oschl, G.: Top-kriging – geostatis-
tics on stream networks, Hydrol. Earth Syst. Sci., 10, 277–287,
doi:10.5194/hess-10-277-2006, 2006.
Slack, J. R., Lumb, A., and Landwehr, J. M.: Hydro-Climatic
Data Network (HCDN) Streamﬂow Data Set, 1874–1988: USGS
Water-Resources Investigations Report 93-4076, U.S. Geologi-
cal Survey, Reston, VA, 1993.
Smakhtin, V. U.: Low ﬂow hydrology: a review, J. Hydrol., 240,
147–186, doi:10.1016/s0022-1694(00)00340-1, 2001.
Smakhtin, V. Y., Hughes, D. A., and Creuse-Naudin, E.: Re-
gionalization of daily ﬂow characteristics in part of the East-
ern Cape, South Africa, Hydrolog. Sci. J., 42, 919–936,
doi:10.1080/02626669709492088, 1997.
Spearman, C.: The proof and measurement of association between
two things, Am. J. Psychol., 15, 72–101, 1904.
www.hydrol-earth-syst-sci.net/16/551/2012/ Hydrol. Earth Syst. Sci., 16, 551–562, 2012562 S. Patil and M. Stieglitz: Controls on hydrologic similarity: role of nearby gauged catchments
Tate, E., Maidment, D., Olivera, F., and Anderson, D.: Creating a
Terrain Model for Floodplain Mapping, J. Hydrol. Eng., 7, 100–
108, doi:10.1061/(ASCE)1084-0699(2002)7:2(100), 2002.
Vogel, R., Wilson, I., and Daly , C.: Regional Regression
Models of Annual Streamﬂow for the United States, J. Ir-
rig. Drain. Eng.-ASCE, 125, 148, doi:10.1061/(ASCE)0733-
9437(1999)125:3(148), 1999.
Vogel, R. M. and Sankarasubramanian, A.: Monthly Climate Data
for Selected USGS HCDN Sites, 1951–1990, Oak Ridge Na-
tional Laboratory Distributed Active Archive Center, Oak Ridge,
Tennessee, USA, 2005.
Wagener, T., Sivapalan, M., McDonnell, J., Hooper, R., Lakshmi,
V., Liang, X., and Kumar, P.: Predictions in ungauged basins as
a catalyst for multidisciplinary hydrology, Eos Trans. AGU, 85,
doi:10.1029/2004eo440003, 2004.
Wagener, T., Sivapalan, M., Troch, P., and Woods, R.: Catchment
Classiﬁcation and Hydrologic Similarity, Geogr. Compass, 1,
901–931, doi:10.1111/j.1749-8198.2007.00039.x, 2007.
Wiche, G. J., Benson, R. D., and Emerson, D. G.: Streamﬂow at
selected gaging stations on the James River in North Dakota and
South Dakota, 1953–1982, with a section on climatology, Water-
Resources Investigations Report 89-4039, US Geological Sur-
vey, 99pp., 1989.
Yadav, M., Wagener, T., and Gupta, H.: Regionalization of con-
straints on expected watershed response behavior for improved
predictions in ungauged basins, Adv. Water Resour., 30, 1756–
1774, doi:10.1016/j.advwatres.2007.01.005, 2007.
Young, A. R.: Stream ﬂow simulation within UK ungauged catch-
ments using a daily rainfall-runoff model, J. Hydrol., 320, 155–
172, doi:10.1016/j.jhydrol.2005.07.017, 2006.
Zhang, Y. and Chiew, F. H. S.: Relative merits of different meth-
ods for runoff predictions in ungauged catchments, Water Re-
sour. Res., 45, W07412, doi:10.1029/2008wr007504, 2009.
Hydrol. Earth Syst. Sci., 16, 551–562, 2012 www.hydrol-earth-syst-sci.net/16/551/2012/